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Abstract
Generative diffusion models have emerged as a class of powerful techniques for various imaging applications, including
but not limited to synthesis, reconstruction, and segmentation. Despite their success, current generative models pose two
key limitations. First, they primarily rely on image intensity and texture information, with limited attention to underlying
object geometry. As a result, they do not guarantee geometric or topological consistency during the generation process,
which is a crucial requirement for high-stakes domains such as computational anatomy, biology, and robotics, where
preserving object structure is critical. Second, existing models fail to explicitly learn or represent shape changes in
the generative process. Such deformation dynamics remain occluded within network parameters; hence leaving the
transformation process uninterpretable and physically uninformed. To address these challenges, we introduce IGG
(Image Generation informed by Geodesic dynamics), a novel framework that integrates topology-preserving geodesic
principles into the diffusion-based generative process. In contrast to conventional methods that operate in image
intensity space, IGG learns and synthesizes diverse samples within geodesic deformation spaces, where geometric object
changes are learned as smooth and invertible smooth mappings from a given template/source image. Specifically,
IGG employs a two-stage architecture: (i) a geodesic-informed image registration (GIR) module that directly encodes
geodesic paths of image deformations into a compact latent space, and (ii) a latent geodesic diffusion (LGD) model
that captures the distribution of these deformation representations, conditioned on a template image and/or text
prompts. We validate IGG on the datasets of plant growth and brain MRI scans. Experimental results demonstrate that
IGG outperforms state-of-the-art image generation and editing models, producing realistic, high-quality images with
preserved topology and fewer artifacts. Furthermore, when used for data augmentation in downstream segmentation
tasks, IGG substantially improves segmentation accuracy, particularly in low-data regimes. Our code is publicly available
at https://github.com/nellie689/IGG.
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1. Introduction

Recent advances in deep generative modeling have signif-
icantly impacted various image analysis tasks, including
but not limited to image synthesis (Xing et al., 2024; Xie
et al., 2025; Liu et al., 2021; Reinhold et al., 2021), re-
construction (Jayakumar et al., 2023; Tezcan et al., 2018),
translation (Deb et al., 2025; Graf et al., 2023; Özbey

et al., 2023), and more (Yang et al., 2019; Hossain and
Zhang, 2025). Early research works, such as the varia-
tional autoencoder (VAE), assume a Gaussian prior over
the latent feature space and learn its approximate posterior
through variational inference (Kingma and Welling, 2013).
Although effective, these models can produce overly smooth
or blurry outputs due to their simplified assumptions (Hos-
sain and Zhang, 2025). Another category of generative
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Geodesic-informed Generative Di�usion Model

modeling is the generative adversarial networks (GANs),
which learn to produce realistic data samples by training
a generator to compete against a discriminator that dis-
tinguishes generated samples from real data (Goodfellow
et al., 2020). However, such models may su�er from mode
collapses, where the generator produces limited diversity of
outputs by ignoring other modes of the true data distribu-
tion (Zhang et al., 2018; Bang and Shim, 2021; Li et al.,
2021). In contrast, di�usion models have recently emerged
as a powerful class of deep generative frameworks that
achieve state-of-the-art performance in modeling complex,
multimodal data distributions and generating photorealistic
images across diverse applications (Mukhopadhyay et al.,
2023; Ho et al., 2020; Deb et al., 2025). These models em-
ploy an implicit generative scheme by learning to reverse a
gradual noising process and iteratively transforming random
noise into �ne-grained and high-�delity image samples (Ho
et al., 2020). Due to these capabilities, di�usion mod-
els have demonstrated remarkable success in synthesizing
highly realistic medical images to address critical challenges
in biomedical research, such as data/label scarcity Sharma
et al. (2023); Jayakumar et al. (2024), missing or incom-
plete modalities Jayakumar et al. (2023); Deb et al. (2025),
and the need for predictive imaging to support disease pro-
gression modeling and clinical decision-making Yoon et al.
(2023); Dao et al. (2024); Zhang et al. (2024).

Despite the success of the aforementioned generative
di�usion models, current approaches face several limitations
that can constrain their practical use in high-stakes domains
requiring high accuracy and �delity, such as medical imag-
ing, robotics, and autonomous systems. In particular, most
existing di�usion models focus on image intensity and tex-
ture, with little explicit consideration of object geometry
during learning and generation (Nguyen et al., 2024; Li
et al., 2024; Hertz et al., 2022; Kawar et al., 2023). As a
result, they may produce unrealistic or biologically implau-
sible samples, which poses signi�cant risks for downstream
applications where accurate geometric preservation is criti-
cal (Azizi et al., 2023; Jayakumar et al., 2023; Starck et al.,
2025). Recent advances have introduced simple geometric
constraints such as shape localization (Patashnik et al.,
2023; Gupta et al., 2024), boundary conditions (Maz�e and
Ahmed, 2023), and 3D shape priors (Yu et al., 2025; Hu
et al., 2024) in the modeling process. However, these
approaches lack �ne-grained structural preservation that
is highly desirable in sensitive domains, including compu-
tational anatomy and medical imaging. Another impor-
tant yet under-investigated limitation of current di�usion
models is their inability to provide interpretable metrics
or quantitative measures of topological integrity for im-
age objects. Commonly used evaluation metrics include
Fr�echet Inception Distance (FID) for assessing distribution
similarity between real and generated data (Heusel et al.,

2017), Inception Score (IS) for measuring diversity and
quality (Salimans et al., 2016), and Structural Similarity
Index (SSIM) for evaluating pixel-level �delity (Wang et al.,
2004). While these metrics e�ectively assess visual quality,
they do not account for the preservation of object geome-
try and topology, raising questions about their validity in
structure-sensitive applications.

In addition, existing di�usion models do not explicitly
capture or represent object shape changes during the gener-
ative process (Ho et al., 2020; Dao et al., 2024; Jayakumar
et al., 2024; Deb et al., 2025; Yoon et al., 2023). Recent
studies have demonstrated that incorporating a geodesic-
constrained deformation process to model object shape
changes within the network can promote physically inter-
pretable deformation trajectories, which enables the regis-
tration framework to capture the underlying dynamics of
shape evolution rather than performing purely data-driven
alignment (Wu and Zhang, 2023, 2024). Moreover, this
geodesic guidance provides an additional source of reg-
ularization in the deformation learning process; thereby
improving the biological plausibility of the registration re-
sults by suppressing artifacts such as folding, tearing, and
crossing in the predicted transformations.

This paper presents an extended work of Image Gen-
eration informed by Geodesic dynamics (IGG) (Wu et al.,
2025), that for the �rst time generates images by deforming
a given template along random geodesics in deformation
spaces guided by text instructions. In contrast to current
approaches (Brooks et al., 2023; Ho et al., 2022; Kim et al.,
2022), the IGG framework ensures topological consistency
by treating each generated image as a deformed variation
of a template or reference image through learned di�eomor-
phic transformations (also known as a one-to-one, smooth,
and invertible mapping). A dynamic geodesic, producing
natural transformations and providing interpretable metrics
to quantify topological changes, are explicitly learned during
the di�usion process. More speci�cally, the IGG model com-
prises two key components: a latent representation learning
framework of di�eomorphic transformations informed by
geodesic dynamics, and a latent geometric di�usion model
conditioned on user-de�ned text instructions. Building on
top of IGG (Wu et al., 2025), our work further

(i) Expand the core method section of IGG by introducing
details of the geodesic-informed image registration mod-
ule, which provides a more principled representation of
topology-preserving transformations.

(ii) Thoroughly investigate the quantitative metrics to as-
sess both the �delity and topological consistency of the
generated samples.

(iii) Design downstream experiments in the context of image
segmentation to demonstrate an additional clinical utility

441



Wu, Jayakumar, Xing, and Zhang, 2026

Figure 1: An illustrated example of a geodesic path in the
space of brain deformations.

of the generated samples in real-world applications.

We demonstrate the e�ectiveness of IGG on a diverse set
of real-world datasets, including Komatsuna plant growth
data (Uchiyama et al., 2017) and brain MRIs (LaMontagne
et al., 2019). Experimental results show that IGG signi�-
cantly outperforms state-of-the-art text-guided generative
models (Ho et al., 2022; Yang et al., 2024; Xing et al.,
2025) in producing image samples with well-preserved topo-
logical structures. We further demonstrate the potential
of IGG to enhance deep learning-based downstream tasks
by training brain segmentation networks with synthesized
image-label pairs. It is worth noting that, once trained,
IGG generalizes well across image domains (e.g., variations
in image contrast and scanner types) due to its 
exibility
in generating geometric deformations conditioned on any
given template.

2. Background: Geodesics In Deformation
Spaces

In this section, we brie
y review the basic concept of
geodesics in deformation spaces, which provides a principled
way to model smooth and natural deformations between
images while preserving structural integrity (Miller et al.,
2002; Beg et al., 2005). With the underlying assumption
that objects of a generic class (e.g., human brains, hearts,
or lungs) are described as deformed variants of a given
template, descriptors of that class arise naturally by de-
forming the template to other images along a geodesic -
a shortest path with locally minimized energy of transfor-
mations (Avants et al., 2008; Joshi et al., 2004). In theory,
every topological property of the deformed template can
be preserved by enforcing the resulting transformations to
be di�eomorphisms, i.e., di�erentiable, bijective mappings
with di�erentiable inverses (Beg et al., 2005; Arnold, 1966;
Miller et al., 2002). Violations of such constraints intro-
duce image artifacts, such as tearing, crossing, or passing
through itself.

Let Di� 1 (
) denote the space of smooth di�eomor-
phisms on ad-dimensional torus domain 
 = Rd=Zd.
The tangent space of di�eomorphisms is the spaceV =
X1 (T 
) of smooth vector �elds on 
. Consider a time-
varying velocity �eld, fv t g : [0; 1] ! V , we can generate
di�eomorphisms f� t g between pairwise images by solving

d� t

dt
= v t (� t ); t 2 [0; 1]; (1)

where � 0 is the identity map, e, and � 1 is the target
transformation.

The geodesic minimizes the functional
R1

0 (Lv t ; vt ) dt (Beg
et al., 2005), whereL : V ! V � is a symmetric, positive-
de�nite di�erential operator that maps a tangent vec-
tor v(t) 2 V into its dual space as a momentum vec-
tor m(t) 2 V � . We typically write m(t) = Lv (t), or
v(t) = Km (t), with K being an inverse operator ofL . In
this paper, we adopt a commonly used Laplacian operator
L = ( �� � + e)3, where� is a weighting parameter that
controls the smoothness of transformation �elds. The (�; �)
is a dual pairing, which is similar to an inner product be-
tween vectors. An example of geodesic path in the space
of deformations is illustrated in Fig. 1.

According to a well-known geodesic shooting algo-
rithm (Vialard et al., 2012), the minimum of the functional
mentioned above is uniquely determined by solving a Euler-
Poincar�e di�erential (EPDi�) equation (Vialard et al., 2012;
Younes et al., 2009) with a given initial condition. That
is, for 8v0 2 V , a geodesic patht 7! � t in the space of
di�eomorphisms can be computed by forward shooting the
EPDi� equation

@vt
@t

= �K
h
(Dv t )T mt + Dm t vt + m t div v t

i
; (2)

whereD denotes the Jacobian matrix anddiv is a diver-
gence operator.

Derive geodesics from images. Consider a source im-
age S and a target imageT de�ned in the domain 

(S(x); T(x) : 
 ! R ). The optimization of geodesic
transformations can be formulated as minimizing an energy
function over the initial velocity, subject to the EPDi�
equations, i.e.,

E(v0) = (Lv 0; v0) + �Dist(S(� 1); T ) s.t. Eq. (1) & (2):

Here, Dist(·,·) is a distance function that measures the
dissimilarity between images, and� is a positive weighting
parameter. In this paper, we will use the commonly used
sum-of-squared intensity di�erences (Beg et al., 2005; Wu
et al., 2024; Zhang et al., 2017).
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3. Method: IGG

This section introduces an extended work of, IGG, that
for the �rst time generates images in deformation spaces
guided by text instructions (Wu et al., 2025). A dynamic
geodesic, producing natural transformations and providing
interpretable metrics to quantify topological changes, will
be explicitly learned during the generative di�usion process.
Our IGG model consists of two main components: (i) a
geodesic-informed image registration (GIR) network that
directly encodes geodesic paths of image deformations into
a compact latent space; and (ii) a latent geodesic di�usion
(LGD) model that captures the latent distribution of these
deformation representations, conditioned on a template
image and/or user-de�ned text prompts. An overview of
our model is illustrated in Fig. 2.

3.1 Representation Learning of Geodesic Deformations via
GIR

Consider a given set ofN template/source and target im-
age pairs associated with text instructionsfs n ; f n ; � ngN

n=1 .
We introduce a GIR network, based on an autoencoder
architecture, to learn the latent representation of geodesic
transformations, parameterized by velocity �eldsfv t g, be-
tween a templatesn and a target f n . The encoder of
GIR,E� v , maps input data to the latent representation of a
sequence of velocity �elds,fz vt g

1
t=0 . Inspired by the recent

work NeurEPDi� (Wu and Zhang, 2023), which develops a
neural operator to learn mappings governed by the EPDi�
equation, we incorporate the NeurEPDi� module,G� r , into
our IGG model to learn geodesics in latent deformation
spaces. More speci�cally, starting with a latent initial veloc-
ity zv0 , the operatorG� r will iteratively propagate it along
the geodesic path,zv0 7�! � � � z vt 7�! � � � z v1 , through a
designed latent geodesic evolution module.

Latent Geodesic Evolution. Similar to (Wu and Zhang,
2023, 2024), we leverage neural operators as surrogate
models to approximate the mapping function of the EPDi�
equation during network training. In particular, we em-
ploy a multilayer neural network withJ hidden layers to
simulate the geodesic mapping function (EPDi�) fromzvt

to zvt+1 . For notational simplicity, we letuj denote the
input of the j -th hidden layer anduj+1 its output, where
j 2 f 1; � � � ; Jg. At each hidden layer, we combine a local
linear transformationW j with a global convolutional ker-
nel H j , enabling the extraction of both local and global
representations. A nonlinear activation function,� (�), is
de�ned as a Gaussian Error Linear Unit (GeLU) (Hendrycks
and Gimpel, 2016) with a smoothing operatorK to en-
sure continuity and smoothness in the output signal, i.e.,
�(�) := K(GeLU(�)). Formally, we update u j+1  u j by

uj+1 := �(W j uj + H j � u j );

where� represents a convolution operator. Note that, for
computational e�ciency, the global convolution is imple-
mented as an element-wise multiplication in the Fourier
domain, followed by an inverse transform back to the spatial
domain.

Finally, the geodesic evolution of the latent velocity
from zvt to zvt+1 at each time point t can be de�ned as

zvt+1 := �(W J ; H J ) � � � � � �(W 2; H 2) � �(W 1; H 1; zvt );

where� denotes the composition of network operations.
The decoder,D� v , then projects these latent representations
back to the full-dimensional image space to produce a
geodesic 
ow of velocity �elds,v0 7�! � � � v t 7�! � � � v 1.
The corresponding deformations,� 0 7�! � � � � t 7�! � � � � 1

are then generated according to Eq. 1. For simplicity of

notation, we de�ne � �= f� t g1
t=0 in the following sections.

The network loss combines contributions from an un-
supervised registration loss, and a geodesic loss guided
by numerical solutions of the EPDi� equation obtained
via Euler integration. These solutions are represented as
fv̂ n

t g; t 2 (0; 1] with a simultaneously learned initial velocity
v̂n

0 . To simplify the notation, we de�nev̂ n , fv̂ n
t g before

formulating the loss function as

L(� v ; � r ) =
NX

n=1

� k(s n (� n
1 (� v)) � f nk2

2

+
1
2

(Lv n
0 (� v); vn

0 (� v))

+ � kD � v (G� r (zv0 )) � v̂ nk2
2

+ Reg(� r ; � v); s:t: Eq. (1); (3)

where� and � are positive weighting parameters to balance
the image matching term and the geodesic loss, andReg(�)
is a network regularization.

3.2 Latent Geodesic Di�usion Model

With a pre-trained GIR network, we are now ready to in-
troduce a latent geodesic di�usion module to simulate the
distribution of latent geodesic 
ows for image transforma-
tions, fz n

vt
g1

t=0 . To simplify the notation, we de�nezn :=
fz n

vt
g1

t=0 for the n-th subject, where all time-dependent
componentsfz n

vt
g are concatenated to form a uni�ed repre-

sentation. In contrast to previous approaches that perform
the di�usion process in the image space (Brooks et al.,
2023; Ho et al., 2022; Kim et al., 2022), our latent geomet-
ric di�usion operates in the deformation space. Speci�cally,
our di�usion process directly samples geodesics of topology-
preserving di�eomorphic transformations, which are then
applied to deform the input template to generate the �nal
output.
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Figure 2: An overview of our IGG framework with two key components: (i) GIR to learn the latent representations of
geodesic transformations from paired template and target images; and (ii) LGD to generate a time-sequence
of image transformations over time, conditioned on text instructions.

3.2.1 Forward di�usion in geodesic deformation spaces.

Following the principles of denoising di�usion probabilistic
models (DDPM) (Ho et al., 2020) and video di�usion
models (Ho et al., 2022), our forward di�usion is �xed to
a Markov chain that progressively adds noise,� � N (0; I),
to the initial latent geodesic representationszn

0 � p (z0),
with a number ofT steps. Mathematically, the forward
di�usion process can be formulated as

q(zn
� j z n

� �1 ) := N
�
zn

� ;
p

1 � � � zn
� �1 ; � � I

�
;

where� 2 [1; � � � ; T ] and � � is a time-dependent variance
schedule of scalar values2 (0; 0:999] used to parameterize
the probabilistic transitions. Alternatively, the forward
di�usion process of samplingz � at an arbitrary timestep�
can be formulated in closed form using

q(zn
� jz n

0 ) = N (z n
� ;

p
�� � zn

0 ; (1 � �� � )I);

zn
� =

p
�� � zn

0 +
p

1 � �� � �; (4)

where � � = 1 � � � and �� � =
Q �

s=1 � s, where s 2
[1; � � � ; � ].

3.2.2 Reverse di�usion with geometric conditioning.

Similar to Ho et al. (2020), the reverse di�usion process iter-
atively denoises the latent variable of the di�usion modelzn

�

over � steps, given template-speci�c conditions. We intro-
duce a novel geometric conditioning in the latent geodesic
space, which enables the model to adapt more e�ectively
to speci�c contexts; hence improving its generative perfor-
mance based on observed template images and provided
text instructions. More speci�cally, our geometric condition-
ing is achieved by concatenating two components: image
embedding in the form of downsampled template image
gradient, frs ng and the geodesic deformation embedding,
represented by the latent velocity �elds,fz n

� g. Following
a similar principle as seen in (Ho et al., 2020), we sam-
ple the denoised latent geodesic 
ow of velocity �eldszn

0 ,
starting from the noisy statezn

� at the � -th time-step and
progressively remove noise to reconstruct the original latent
representation. This process is mathematically expressed
as

p� (z n
� �1 jz n

� ; rs n ; � n ; � ) =

N (z n
� �1 ; � � (z n

� ; rs n ; � n ; � ); � � (z n
� ; rs n ; � n ; � ));

where � � and � � represent the parameterized mean
and variance of the approximated Gaussian distribution
at each time step of the reverse di�usion process (Ho
et al., 2022) . In our experiments, we employ a 3D UNet
architecture (Ronneberger et al., 2015)Z � as the deep
predictive model, which predicts the noise to be removed
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from zn
� to reconstruct zn

� �1 using the equation:

zn
� �1 =

1
p

� �
(z n

� �
1 � � �p
1 � �� �

Z � (z n
� ; rs n ; � n ; � )) + � t I;

(5)

where I � N (0; I) and � t = ~� t = 1� �� t�1
1� �� t

� � t .
The text embedding, encoded using a pre-trained CLIP

text encoder (Radford et al., 2021),f � ng is integrated
into this network via cross-attention. With an optimized
denoising networkZ � , the iterative sampling using Eq 5
yields a clean geodesic deformation embedding zn

0 .
The network loss of our proposed latent geodesic di�u-

sion module is formulated as

L � =
1
N

NX

n=1
jj� n

� �Z � (z n
� ; rs n ; � n ; � )jj 2

2+reg(�); � 2 U[1; T ];

(6)
wherereg(�) is a regularization of the network parameter� ,
U denotes a uniform distribution andT is the total number
of di�usion timesteps.

Classi�er-free guidance. To balance the trade-o�
between sample quality and diversity of velocity �elds in
the latent space after training, we optimize the combination
of conditional and unconditional di�usion models. This is
achieved by leveraging image-conditioned guidance with
scale� I , text-conditioned guidance with scale� T , and a
null-condition ? . Following similar principles from the
classi�er-free guidance approach (Ho and Salimans, 2022),
we �rst jointly train a conditional and an unconditional IGG
model. The resulting score estimates from these models
are then combined to predict the noisêZ as

Ẑ � (z n
� ; rs n ; � n ; � )

= Z � (z n
� ; ?; ?; � )

+� I � [Z � (z n
� ; rs n ; ?; � ) � Z � (z n

� ; ?; ?; � )]

+� T � [Z � (z n
� ; rs n ; � n ; � ) � Z � (z n

� ; rs n ; ?; � )]

= (1 � � I ) � Z � (z n
� ; ?; ?; � )

+(� I � � T ) � Z � (z n
� ; rs n ; ?; � )

+� T � Z � (z n
� ; rs n ; � n ; � ):

3.3 Network Optimization

We �rst optimize the loss of representation learning of
geodesic transformations (Eq.(3)), followed by the latent
geodesic di�usion model (Eq.(6)). The training process of
IGG is summarized in Alg. 1. During testing, the procedure
for sampling the geodesic of latent velocity �elds, condi-
tioned on a given template image and text instructions, is
outlined in Alg. 2.

Algorithm 1 IGG Training

Input: Data fs n ; f n ; � ngN train
n=1

1: Pretrain E� v ; E� r ; D� v via Eq. (3)
2: repeat
3: Initial latent geodesic representations,zn

0  

G� r

�
E� v (sn ; f n )

�
,

4: Sample � � U(1; T), � � N (0; I),
5: Sample zn� at � by z n

�  q(z n
� j z n

0 ) via Eq. (4),
6: Optimize Z � by taking a gradient descent step on

Eq. (6).
7: until converged

Algorithm 2 IGG Sampling

Input: Data fs n ; � ngN test
n=1

Output: Geodesic deformations �n

1: Initialize zn
T � N (0; I)

2: for � = T; : : : ; 1 do
3: ẑn

� �1  p �

�
zn

� �1 j z n
� ; rs n ; � n ; �

�
via Eq. (5),

4: end for
5: f v̂ng  D � v (ẑn

0 ),
6: � n  f v̂ng via Eq. (1),
7: return � n

4. Experimental Evaluation

We evaluate the proposed IGG framework using a diverse set
of real-world image datasets that capture deformable shape
changes over time. We �rst assess the quality of the learned
latent representations of geodesics by comparing them to
numerical solutions of the EPDi� equation obtained via
Euler integration.

Next, we evaluate the quality of the generated images
deformed by the sampled geodesics guided by given text in-
structions. These results are compared with state-of-the-art
generative models that synthesize image sequences/videos
with publicly available training code or �ne-tuning options,
including the video di�usion model (VDM) (Ho et al., 2022),
CogVideoX (Yang et al., 2024), and DynamiCrafter (Xing
et al., 2025). Note that all baselines are trained using se-
quences of deformed images generated along the geodesic
transformations derived from the numerical solutions of
EPDi� equation. This approach ensures that the results
are independent of the learned geodesics predicted by the
�rst module of the IGG framework, providing a consistent
and unbiased evaluation.

Finally, to further assess the quality of the generated
samples and demonstrate their clinical utility in real-world
applications, we design a downstream task in the context
of brain MRI segmentation. More speci�cally, we use the
synthesized image samples as augmentation data by pairing
each transformed image with its corresponding segmenta-
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tion label, both generated through the learned deformation
�elds applied to existing images and labels. We conduct
experiments using a diverse set of widely used segmentation
architectures, including U-Net (Ronneberger et al., 2015),
TransUNet (Chen et al., 2021), and Attention U-Net (At-
tUNet) (Oktay et al., 2018), under limited training data
conditions.

4.1 Dataset

Komatsuna plant. We include 300 frames of RGB-D
label-maps representing �ve Komatsuna plants from the
publicly available data repository (Uchiyama et al., 2017).
The label maps cover di�erent leaves that emerge from the
bud and grow in size over time, where the plant growth was
monitored between 228-236 hours. All data frames were
resampled to to 1282 and pre-aligned with a�ne transfor-
mations.

Longitudinal brain MRI. We include a total of 2618
T1-weighted longitudinal (time-series) brain MRIs sourced
from the Open Access Series of Imaging Studies (OASIS-
3) dataset (LaMontagne et al., 2019). This experiment
aims to validate our method using longitudinal data that
includes scans at varying time intervals for individuals span-
ning both healthy subjects and Alzheimer's diseases (AD),
aged 60-90. Given the scenario that many existing image
generation/editing methods with text instructions focus
on 2D natural images (Brooks et al., 2023; Meng et al.,
2021), we speci�cally utilize 2D scans derived from this 3D
brain data for comparison with state-of-the-art baselines.
All MRIs undergo pre-processing, including resizing to 1282,
with isotropic voxels of 1mm2, skull-stripping, intensity nor-
malization, bias �eld correction, and pre-alignment using
a�ne transformations.

Text instructions. Our text condition consists of a de-
scription of the template image, followed by details of the
speci�c edits or progressions applied to it. For brain MRIs,
this includes biological variables such as age, sex, and gen-
der. In contrast, for plants, it primarily focuses on the
growth timeline. All information is sourced directly from
the original dataset available in the data repository.

4.2 Experimental Design and Implementation Details

Evaluate learned latent representations of geodesics
via GIR. We evaluate GIR's ability to predict geodesic dy-
namics by comparing the learned geodesics with numerical
solutions to the EPDi� equation using Euler integration.
The assessment focuses on errors in velocity �elds, transfor-
mations, and deformed images between the two approaches.
Quantitative metrics, such as the mean absolute error of
velocity �elds, are computed at each time integration step.

Evaluate generated samples. We compare the quality
of samples generated by IGG with three baseline models:
VDM (Ho et al., 2022), CogVideoX (Yang et al., 2024), and
DynamiCrafter (Xing et al., 2025)). In particular, we �rst
assess individual synthesized images at each time step us-
ing standard image synthesis metrics, including the Fr�echet
Inception Distance (FID) (Heusel et al., 2017) and Ker-
nel Inception Distance (KID) (Bi�nkowski et al., 2018) to
measure the distributional similarity between generated and
real images. Additionally, we use the Structural Similarity
Index (SSIM) (Wang et al., 2004) to evaluate structural,
contrast, and luminance similarities. We then evaluate the
continuity and smoothness of generated video sequences by
computing the Fr�echet Video Distance (FVD) (Unterthiner
et al., 2018) and providing qualitative visual comparisons.
Finally, we assess the perceptual quality of the generated
samples using the Inception Score (IS) (Salimans et al.,
2016).

Evaluate the preservation of object geometry and
topology. To demonstrate the e�ciency of our IGG model
in preserving �ne-grained geometric structure and topology,
we �rst generate image sequences by deforming a template
image using the sampled geodesic 
ow of deformations pro-
duced by IGG and compare these results with all baseline
models. Secondly, we present the corresponding determi-
nant of the Jacobian (DetJac) maps for the deformations.
The DetJac values reveal important patterns of volume
change: a value of 1 indicates no volume change, DetJac
< 1 re
ects volume shrinkage, and DetJac> 1 implies
volume expansion. A DetJac value below zero indicates
artifacts or singularities in the transformation �eld, high-
lighting a failure to maintain the topological integrity. Note
that only our IGG model enables such a metric to quantify
the topological changes in the generated samples.

Evaluate reliability of model predictions. We evaluate
the reliability and con�dence of IGG in learning the geodesic
deformations of geometric shapes over time by comput-
ing pixel-wise mean and standard deviation for individual
sampled image sequences along the geodesic path. We
visualize con�dence intervals to highlight regions with 95%
certainty in growth patterns. These intervals are de�ned by
the mean of 1000 generated samples with pixel-wise bounds
that are two standard deviations above and below the mean.

Demonstrate utility of generated samples in down-
stream segmentation tasks. We evaluate the e�ective-
ness of IGG generated images by using them as augmented
data for segmentation tasks under conditions of limited
number of training samples. We then compare the perfor-
mance of segmentation models trained with and without our
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synthesized augmented data, considering dataset augmen-
tations of 2� and 4� the size of the original dataset. The
segmentation accuracy is assessed using the dice score (Dice,
1945), both averaged across all anatomical regions and sep-
arately for di�erent structures. To highlight the 
exibility
of IGG in generating new data, we evaluate augmentation
performance on OASIS-3 (LaMontagne et al., 2019) and
OASIS-1 (Marcus et al., 2007) datasets independently, not-
ing that our model is trained exclusively on OASIS-3. This
setup allows us to examine the generalization capability of
the synthesized data to an unseen dataset while quantifying
its impact on segmentation performance.

Parameter Setting. We split all datasets into 80%, 10%,
and 10% for training, validation, and testing. All experi-
ments are conducted on NVIDIA A100 GPUs. For training
the autoencoder for geodesic learning, we alternatively up-
date the encoder-decoder and the latent geodesic neural
operator, and �nally jointly train both components for 2000
epochs per stage. We set the weight decay as 1e�4 , batch
size as 64, and a learning rate as 5e�4 . For training the

latent geodesic di�usion model, we set the learning rate
as 1e�4 , the number of epochs as 6000, batch size as 36,
and di�usion steps as 500. All models are trained using the
Adam optimizer (Kingma and Ba, 2014).

4.3 Experimental Results

The left panel of Fig. 3 visualizes the predicted transfor-
mations, velocity �elds, and deformed images from IGG's
geodesic-informed registration network (GIR), compared
with numerical solutions to the EPDi� equation (Eq.(2)).
These methods show a high degree of similarity. The right
panel of Fig. 3 presents quantitative results of the absolute
per-pixel error, computed between the velocity �eld ob-
tained from the numerical solution of the EPDi� equation
and the velocity �eld predicted by the GIR module at each
time step. These results collectively highlight GIR's ability
to e�ectively learn geodesic mapping functions comparable
to real numerical solutions.

We also report the additional computational overhead
introduced by the GIR, which primarily comes from the

Figure 3: Comparison of predicted geodesics by GIR (the �rst sub-module of IGG) vs. real numerical solutions from the
EPDi� equation. Left: Visualization of predicted deformed images, deformations, and velocities along time.
Right: Mean absolute error of predicted velocities over time compared to numerical integration of EPDi�.
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